Genome-wide association studies have been performed extensively in the last few years, resulting in many new discoveries of genomic regions that are associated with complex traits. It is often the case that a SNP found to be associated with the condition is not the causal SNP, but a proxy to it as a result of linkage disequilibrium. For the identification of the actual causal SNP, fine-mapping follow-up is performed, either with the use of dense genotyping or by sequencing of the region. In either case, if the causal SNP is in high linkage disequilibrium with other SNPs, the fine-mapping procedure will require a very large sample size for the identification of the causal SNP. Here, we show that by leveraging genetic variability across populations, we significantly increase the localization success rate (LSR) for a causal SNP in a follow-up study that involves multiple populations as compared to a study that involves only one population. Thus, the average power for detection of the causal variant will be higher in a joint analysis than that in studies in which only one population is analyzed at a time. On the basis of this observation, we developed a framework to efficiently search for a follow-up study design: our framework searches for the best combination of populations from a pool of available populations to maximize the LSR for detection of a causal variant. This framework and its accompanying software can be used to considerably enhance the power of fine-mapping studies.
Introduction
Over the last several years, many genome-wide association studies (GWAS) have been employed for the identification of hundreds of new genomic regions containing genetic polymorphisms contributing to the risk of complex human diseases. Each of these newly identified loci contain dozens, sometimes even hundreds, of SNPs, few of which are expected to play a functional role in altering the disease status. Identifying these causal SNPs may provide important insights into the biological basis of complex human diseases, as well as offer diagnostic tools that aid in treating patients and personalizing medicine. Follow-up studies aim to identify the causal variants in GWAS by more thoroughly examining the proximal genetic variation of the associated locus. This examination is usually done by a fine-mapping approach in which the genomic region is densely genotyped. Recent advances in high-throughput sequencing technologies may lead, in the next years, to follow-up studies that fully sequence the associated region.
A major challenge currently facing the community is the design of follow-up studies for the identification of the causal variant such that the power to distinguish the causal variant from the neighboring SNPs is maximized. One of the major obstacles complicating the design of such studies is the local linkage disequilibrium (LD) structure at the associated loci. In most cases, many of the SNPs in these loci are in strong LD with one another because of their physical proximity, and several of them are likely to be linked to the causal variants. Although this local LD structure provides GWAS a powerful means of finding new associations without directly genotyping the causal variant, it also makes the identification of the causal variant a challenging task. Test statistics calculated in a follow-up study over tightly linked SNPs will behave similarly, and thus it is difficult to distinguish between the causal variant and its proxies.
In order to measure the ability of a follow-up study to resolve the causal SNPs from those in strong LD, we introduce a new metric called the localization success rate (LSR), described in detail below. For these new metrics, consider a follow-up study of a locus containing exactly two SNPs that are in perfect LD, with only one being causal. If the sample size and odds ratio are large, the study will have a very high power to detect association; that is, the probability of finding a statistically significant result will be high. However, the LSR will only be 50%, because both SNPs will have identical statistics. Given that a GWAS has already identified the locus as having a significant association, we are more interested in our new metric than in power.
Traditionally, a follow-up study focuses the sequencing and genotyping of an associated locus on individuals from the original study population. This provides powerful confirmation of the original result, describes more precisely the set of polymorphisms in the region, and protects against heterogeneous effects across populations. However, it is yet to be determined whether conducting a follow-up study in the same population as that of the original study provides the most powerful means of identifying the causal variant. Recently, several groups have attempted an alternative approach to this problem by conducting follow-up studies over multiple populations. 1, 2 Leveraging the differences in local LD structure between the populations may amplify the signal of the causal variant, because SNPs strongly linked to the causal variant in one population may not be strongly linked in another. However, to date, it is not clear whether this approach is useful in general. One may expect that always using a population with low average LD, such as an African population, will result in the greatest LSR in distinguishing the causal SNP from its neighbors.
In this work, we evaluate different strategies for fine mapping a region. We focus on fine-mapping follow-up studies in which significant GWAS results have been reported in a single population, because this is the most common form of GWAS conducted so far. Specifically, we develop an analytical framework for evaluating the LSR of detection of a causal SNP in a region; our framework takes into account the structure of the linkage disequilibrium in the studied population. Furthermore, we determine which population or set of populations achieves, on average, an increase in LSR for fine mapping. Surprisingly, our results suggest that studies involving a mix of two or three populations result in higher average LSRs than do studies over a single population, even for cases in which the single population is of higher genetic diversity (e.g., an African population). Furthermore, we find that the optimal choice of populations varies from locus to locus. Although we focus primarily on diseases in which the causal variant has a fixed effect across all populations (as this is the case for the majority of diseases studied to date 3 ), we also propose a multistage method for addressing diseases with heterogeneous effects across populations. We incorporated our analytical framework into a software package called MULTIPOP, which takes as an input a set of regions, test statistics obtained for the SNPs in these regions in previous studies of the phenotype (used as priors), and a set of reference data sets from the available populations. MULTIPOP uses this information to decide how many samples of each population should be further studied so that the LSR of detection of a causal SNP will be maximized under budget constraints.
Material and Methods
In a fine-mapping follow-up study, individuals are genotyped or sequenced at a set of loci that are shown to be associated with the phenotype of interest in a previous GWAS. In this work, we examine the question of whether the individuals selected for the study should come from one or several populations and how this choice affects the LSR of the causal variant from its linked proxy SNPs. A direct approach to answering this question would be to perform an extensive set of simulations of fine-mapping studies under a variety of disease models with reference data sets such as the HapMap 4 and to determine which study designs are more powerful for causal-variant identification. This approach, although accurate, is prohibitively computationally expensive.
As an alternative to this, we put forward the ideas of Han et al. 5 and Conneely et al., 6 who use insightful statistical and algorithmic observations to model the null and alternative distributions of case control studies, providing a computationally feasible means of studying multipopulation fine-mapping studies. In addition, we develop an analytical framework for designing new studies over multiple populations, implemented in the software package that we call MULTIPOP. The multipopulation approach is based on the following intuition: Suppose that in an initial study we identify several significant SNPs at a locus with one true causal variant; as observed by Lawrence et al. 7 Therefore, we are likely to find more than one significant SNP in that region, because all SNPs linked to the causal variant are potentially significant. Consider a SNP strongly correlated with the causal SNP (e.g., r 2 > 0.9) and therefore highly significant. If we conduct a follow-up study in the same population, the SNP will probably be significant again. However, if we select another population, in which the SNP is poorly correlated to the causal SNP (e.g., r 2 ¼ 0.1), then only the causal variant will remain a strong candidate in the final analysis. Built on this intuition, our framework searches for the best combination of populations to maximize the LSR for distinguishing the causal variant among the tightly correlated SNPs in a region. The challenge in implementing the above intuition is that the correlation structure between the SNPs is based not merely on two linked SNPs but on a complex correlation structure that involves all SNPs in the region. To overcome this challenge, our method uses a carefully chosen multivariate normal (MVN) distribution to sample from the distribution of simulated case-control studies over a region. That is, given the set of data that we would use to simulate a study, our method computes the test statistics over the simulated data without actually paying the computational cost of simulation. This strategy makes it feasible to estimate the LSR of a study on the basis of the multidimensional correlation structure. In addition, we use this framework to efficiently search for an optimal study design in which there is freedom in the choice of the studied population(s).
Modeling LD by Using the MVN Distribution
We will first describe how the MVN distribution can be used for estimation of the LSR of detecting the causal SNP of a study over one population. Consider an association study in which we genotype a set of SNPs, s 1 , s 2 , ., s k , and measure their frequency in N/2 cases, p
Under the null hypothesis (the allele frequencies in the cases and the controls are the same), this statistic is known to be distributed according to a standard normal distribution. 8 The alternative hypothesis is composite, depending on which SNP is causal and its relative risk. Note that throughout this paper we assume an additive model and that the term ''relative risk'' refers to the allelic relative risk. If we assume that SNP s c is the causal SNP with a relative risk of g c , it is easy to calculate the power of the test Z c under a significance level of a. This power can be calculated by noting that Z c $ N ðl c ffiffiffiffi N p ,1Þ, in which the noncentrality parameter is l c ffiffiffiffi
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi 2p c ð1 À p c Þ p , which can be estimated given the relative risk and the minor allele frequency (MAF) in the population. However, as a result of linkage disequilibrium, other SNPs in the region may also have a high power for association when this statistic is used. Particularly, it is well known 9 that for a SNP s j with a correlation coefficient r cj with the causal c,
. In the extreme case that r cj ¼ 1, there is essentially no distinction between statistics computed at s c and at s j -the power of association may be high in both SNPs, but the LSR for the causal SNP will be bounded by 0.5. It follows that the LSR of the causal SNP in a region is a function of the allele frequency of the causal SNP, the relative risk, the correlation structure in that region, and the study size.
One simple way of estimating the LSR is by simulation. We can use a reference data set such as the HapMap 4,10 to simulate multiple case-control panels by specifying a causal variant, a relative risk, and a prevalence. There are various existing tools that provide such simulations. In this work, we chose the widely used software HapGen, 11 which models the LD structure by using the Li-Stephens model. 12 For each such panel, we can calculate the statistics Z 1 , ., Z k and test whether the causal SNP turns out to be the one with the largest statistic. Although the simulation approach provides accurate LSR estimation, it is highly inefficient. In our case, the large parameter space for the study design (i.e., the number of individuals from each of the populations), the causal SNP, and the relative risks make the task of performing a simulation for each point in that space computationally infeasible. We therefore add upon the observation made by Han et al. 5 and Conneely et al., 6 who noticed that the distribu-
,.,r kc l c ffiffiffiffi N p Þ and S is the k 3 k variance-covariance matrix of the SNPs in which the i th , j th entry of S is the correlation coefficient of SNPs s i , s j .
Given a region of the genome where the MAFs and correlations of the SNPs are known, we can replace the simulation approach by a simple Monte Carlo sampling from the corresponding MVN distribution. Put differently, we draw samples directly from the MVN distribution under the alternate hypothesis; each draw corresponds to one round of simulation in which a case-control panel has been created. We can now calculate the LSR as the top statistic on the basis of these draws. We show in the Appendix that this approach results in power estimates that are extremely similar to the one calculated by the HapGen program. 11 A similar approach has been previously used to efficiently calculate the power of an association study. 5, 6 Note, however, that in our case the application is different because we consider the LSR, not the power of association, for distinguishing the causal variant. Furthermore, the use of multiple populations requires a different MVN distribution than that described above.
The MVN Distribution in Meta-Analysis
To extend the single-population MVN distribution to utilize information from several studies over multiple populations, we must first select an appropriate statistical test. There exist many methods for combining information across association studies, (see Kavvoura and Ioannidis 13 for a review). Here, we consider the weighted Z score statistic, 8 a commonly used meta-analysis method.
14 Given M independent studies P 1 , P 2 , ., P M , each of which genotypes the SNPs s 1 , s 2 , ., s k , let Z i , j be the Z score of SNP s i in study P j . Each study has a vector of noncentrality parameters L 1 , L 2 , ., L M , a variance-covariance matrix S 1 , S 2 , ., S M , and a number of individuals N 1 , N 2 , ., N M . For the sake of presentation, we will assume that the studies are balanced (i.e., that there are the same number of cases and controls), but the unbalanced case can be easily incorporated into the framework. For SNP s i we can compute the weighted Z score statistic
Because each Z i , j is normally distributed with a mean of l i , j and a variance of 1, T i is also normally distributed, with a mean of
and a variance of 1. Therefore, the distribution of T ¼ (T 1 , T 2 , ., T k ) will also be MVN:
Because the covariance matrices are fixed (they can be estimated from the HapMap data set), the distribution T is determined by the study sizes, the causal SNP, the relative risk, and the prevalence of the disease. For such a choice of parameters, we can efficiently generate meta-analysis statistics drawn from the alternative distribution for any locus by using a Monte Carlo approach. We can draw random samples from T by using existing software packages (here we use the ''mvtnorm'' R package); each draw from T is used as a replacement for simulating casecontrol panels over each of the M populations and combining their results with the meta-analysis statistic. We use this Monte Carlo approach to examine the effectiveness of combining information from distinct populations for identification of the causal variant. Intuitively, the optimal study design will consist of one population with the lowest average LD; surprisingly, however, we find that for large sample sizes, a combination of a few distinct populations yields the best LSR. (see Results section for details).
Optimizing Study Designs
A natural question arising from the above analysis is how one can design a study that is optimized for detection of the causal variant in a region. Given a set of loci that are the targets of fine mapping and a set of M populations available for genotyping, we are interested in choosing a number N i for each population with P M i¼1 N i ¼ N, such that the meta-analysis study involving N i cases and controls from population i has the maximal LSR of detection of the causal variant; the maximum is taken across all studies involving N genotyped samples. To address this problem we have developed an algorithm implemented in our MULTIPOP software that searches for the optimal study design, which we describe next.
Once relative risks, prevalences, sample sizes, and causal variants are specified for each population, the MVN distribution in Equation 1 gives the alternative distribution of the meta-analysis statistic. Searching for the optimal study design is then reduced to the problem of searching over the design parameters to identify the design that maximizes the expected LSR. To perform such a search, we need to have a prior distribution on the relative risk of each SNP s i in each population. This prior can be calculated on the basis of the results of a previous association study; such a study will provide the statistics Z* ¼ (Z 1 *, ., Z k *) for a given population. Z* ¼ (Z 1 *, ., Z k *) are realizations of random variables Z ¼ (Z 1 , ., Z k ) drawn from a MVN distribution. In this section, we assume that the relative risks across multiple populations are the same, and we later show how MULTIPOP can be adapted to SNPs with heterogeneous effects. Under this fixed-effects assumption, we calculate a prior probability q i that SNP s i is the causal SNP. That is, we want to find the maximum posterior probability q i ¼ Pr(s i is causal j Z*). Following the intuition that SNPs with smaller
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Although intuitive and easy to implement, the above approach may be suboptimal because it completely ignores the correlation structure in the region. We therefore implemented an alternative approach that takes into account the statistic Z*, as well as the correlation structure in the region. We use the original study to calculate the empirical estimate of the relative risks g 1 , ., g k of the SNPs in the region. If s i is causal with a relative risk of g i , then we can calculate the value l i , in which l i ffiffiffiffiffi ffi N 0 p is the expected noncentrality parameter of the statistic Z i and N 0 is the original study size. Now, under the assumption that s i is causal, Z* is drawn from the MVN distribution Z $ N ðL ffiffiffiffiffi ffi
Þ. For each SNP s i , we compute q i , the MVN probability density function of the observed Z scores Z* under Z given that s i is causal, and normalize these so that they sum to 1. These q 1 , q 2 , ., q k serve as the prior probabilities that each SNP is causal. Under various simulations, we find that this approach results in better LSR estimations (data not shown) than do alternative estimates of q i .
Each study design D is specified by sample sizes (N 1 , ., N M ) for each population, such that
Our method identifies the best fine-mapping study design by using a grid-search algorithm over all possible designs D; this grid search is feasible when the number of populations involved is not too large. The final design chosen is the D with the maximum expected LSR out of all designs on the grid.
Results
To examine the effects of using multiple populations on the LSR for resolving a causal variant in a fine-mapping study, we performed extensive simulations over the HapMap populations by using the MULTIPOP software outlined above. We began by showing that the average LSR is indeed increased when studies are designed with multiple, as opposed to single, populations. Second, we examined potential mechanisms for this improvement by looking at the distribution of optimal designs. Third, we investigated the effect that study design has on the LSR and show that our proposed method attains close to optimal LSR, outperforming designs that ignore the local LD structure. Fourth, we explored an extension of our method to handle SNPs with heterogeneous effects across populations by using a multistage design. Finally, as a concrete example of the applicability of our approach, we used existing breast cancer GWAS results to design a powerful follow-up study over the HapMap populations.
For all our analyses, we used release 21 of the HapMap 10 haplotype data for chromosome 1 over the CEU, YRI, and ASN (JPTþCHB) populations. We randomly selected 10,000 SNPs to serve as causal variants, and we created a locus based on each of these SNPs by taking 20 additional SNPs on each side of the selected causal variants. These loci span 30 Kb on the average. The histogram of the MAFs of the 10,000 randomly selected causal variants is displayed in Figure S1 (available online), showing that the random set of causal variants is sampled across all MAFs. We note that these loci are not used for modeling one disease with 10,000 causal variants but, rather, serve as a large set for assessing the expected behavior of our methods across the genome. For each of these 10,000 loci, on the basis of the HapMap data, we computed a correlation matrix S used in the meta MVN described in the Material and Methods section. These simulated loci served as the starting point for each of the experiments described in this section. In the Appendix, we show that very similar results can be obtained by simulating the data sets with the use of HapGen. 11 A prevalence of 0.01 is used throughout this section.
LSR Metrics
Currently, there is no widely accepted measure of power for identifying the causal SNP (fine-mapping power), so we start by giving a precise definition of how we measure the LSR for the causal variant from its neighboring SNPs in this work. We propose two correlated measures, each of which may be useful depending on the study objective; both measures can be easily calculated by using samples drawn from the meta MVN. The first measure of LSR computes the fraction of study samples in which the causal variant has the lowest p value among all SNPs in the region. This corresponds to the scenario in which exactly one SNP from each region is undergoing functional analysis; we therefore measure the fraction of regions in which the actual causal variant will be chosen for the functional analysis. The second measure that we use is the average rank of the causal variant when the SNPs are ordered from lowest to highest p value with ties broken randomly. Although this is not a measure of the probability of an event, and thus not a measure of power in the usual statistical sense, it can be thought of as the expected number of SNPs that will have to undergo functional analysis before the causal variant is isolated. Because it is likely that statistical rank will prioritize functional analysis, this measure is a useful way of examining finemapping results.
The suggested measures do not quantify the precision of the estimates of the probability that SNP is causal (q i , as described in the Material and Methods section). Instead, given such probabilities, or any other statistic, they aim at measuring the potential success of a follow-up study in which, for example, functional analysis will be performed on a smaller number of SNPs. Although the proposed measures are correlated, they are not always optimized by the same choice of populations, and therefore an investigator should decide which measure to use on the basis of his or her plans for a follow-up study. Note that each of these measures are calculated in a trivial manner once samples from the alternative MVN distribution are generated. Both measures are applied only to SNPs exceeding a specified significance level, and the sample sizes used in our simulations provided enough power that the causal variant had a p value % 0.05 more than 98% of the time.
Balanced Multiple-Population Studies
To demonstrate the benefit of using multiple populations, we first examined the simple approach of dividing individuals evenly among the HapMap populations in comparison to using all individuals in each population in isolation. For example, the YRIþCEU study uses the same number of YRI and CEU samples, whereas the CEU study includes only CEU samples. Figure 1 presents the estimated LSR of seven different balanced study designs, clearly showing that there is an increase in the LSR of identifying the causal variant when multiple populations are used. The average rank of the causal variant decreases from 3.40, when the study is performed only on the ASN population, to 1.94, when the study design involves all three populations. To date, most GWAS have been performed in one population, usually a population of European ancestry similar to the CEU population in the HapMap. As shown in Figure 1 , studies that combine CEU individuals with individuals from YRI or ASN populations achieve higher LSRs (i.e., a significant reduction in the average rank of the causal SNP). Furthermore, study designs that involve a combination of populations result in higher LSRs than do studies involving one population alone, even when compared to the YRI population.
The above result is surprising, given that intuition leads us to believe that performing a study in a single population with the lowest average LD in the fine-mapping region should yield the greatest LSR. Figure 2 shows that this intuition is indeed correct. If we consider one genomic region at a time, in the vast majority of cases, studies involving exactly one of the populations will result in better finemapping power than will studies involving a combination of populations. In particular, for most genomic regions, the YRI studies yield the greatest LSR. This is intuitive, because it is expected that in most cases two SNPs that are in high LD in an African population will also be in high LD in other populations, such as populations of European ancestry.
At first glance, the conclusions of Figure 1 and Figure 2 may seem contradictory. However, because the population that maximizes the fine-mapping LSR differs across different regions, studies that involve more than one population essentially achieve a high average LSR, when the average is taken across all studied regions. Put differently, there is a higher variance across regions in which the optimal LSR is achieved by one population alone, and therefore a combination of two or more populations yields a better average LSR.
Other choices of the sample sizes, relative risks, and measures of LSR resulted in a similar trend. For example, Figure 3 shows the change in LSR for CEU, ASN, CEUþ ASN, as well as relative risks 1.1 to 1.9 and a fixed sample size of 1000 cases and 1000 controls. The trend observed in Figure 2 for g ¼ 1.4 extends to any considered g. Designs across both of the populations outperform each population in isolation. However, as the relative risk increases, there are diminishing returns in using multiple populations as compared to using single populations. We believe that this is because even SNPs with relatively strong r 2 are The statistics are based on 10,000 simulated loci, with 3000 cases, 3000 controls, and g ¼ 1.4. As expected, the YRI population is most often the best choice for study design. However, it is the top choice only 44% of the time. The combination of all three populations is almost never the best study design, accounting for only 2.6% of the 10,000 designs. Interestingly, it maximizes the average LSR, suggesting, first, that it protects against the variance of different local LD structures and, second, that tailoring study designs to the loci in the follow-up study is beneficial.
easily distinguished at high relative risks. On the other hand, SNPs with very strong signals are very tightly correlated in both CEU and ASN in that they cannot be distinguished with the current sample size (or at all, in the case of perfect LD).
Designing Multiple-Population Studies
The results presented above illustrate the effectiveness of using multiple populations in fine-mapping studies. However, given a fixed budget of N individuals, an uneven split of individuals across the populations may provide increased LSR of the causal variant. Furthermore, as the name suggests, fine-mapping follow-up studies are generally based on results of previous GWAS, and incorporating this prior information may lead to better resolution of the causal SNP.
To examine this scenario, we began by simulating a study made up of 1000 cases and 1000 controls in one of the HapMap populations. We then quantified the LSR increase when additional individuals from various populations were added to the study. To assess the gain in LSR due to multiple populations, we also used combinations of populations not contained in the original study. For each of these designs, we computed the LSR over each of the 10,000 simulated loci and plotted the average LSR. The results are shown in Figure 4 and Figure 5 .
The study designs with multiple populations have significantly better LSRs across a range of sample sizes, with the benefit more pronounced in smaller studies. As the sample size grows, the variance of test statistics decrease, so that closely linked SNPs are more easily distinguished even in one population. Notice that the combination of CEU and YRI outperforms the designs across all three populations until sample sizes are very large, at which point the use of all populations becomes more successful. This demonstrates the importance of carefully selecting the populations to be used in the study as opposed to simply including as many different populations as possible.
It is intriguing to understand the limits of such an approach. To do this, we compared the different study designs with a hypothetical design in which the optimal population was used for each region. Note that no method 
The study designs are all CEU, all ASN, and CEU-þASN. CEUþASN designs have individuals split evenly between them. The trend observed in the simple designs is preserved across relative risks.
could ever achieve such LSR, because we are using different study designs for different regions; however, this hypothetical design is still useful and serves here as an upper bound on the possible LSR that one can achieve. Using our MULTIPOP method described above, we selected a population or combination of populations from among those described in the previous paragraph. The results are also shown in Figure 4 and Figure 5 . Although our method is not as successful as the hypothetical optimal design, it clearly outperforms a naive selection of a single type of population. The fact that there is a clear difference between choosing the best populations at every locus and using the combination of all three populations indicates that there is large variance in the performance of a study that is based on any particular population. Furthermore, the variance of the MULTIPOP approach is much lower than even that of the multipopulation approach (data not shown). Thus, it improves the average LSR while still protecting against regions with very poor performance in a particular population.
Implications for Sequencing-Based Studies
Many future follow-up studies are expected to use sequencing technologies for the fine-mapping stage. Particularly, a possible strategy is a multistage study in which the first stage consists of the sequencing of a small number of individuals and the second stage consists of the genotyping of a set of SNPs discovered in the first stage across a larger population. This is, for example, similar to the procedure followed by Udler et al. 1 It is therefore of interest to discuss our findings in the context of more dense genotyping data that result from such sequencing studies. For this purpose, we simulated 1000 regions from the ten ENCODE regions that were thoroughly resequenced in the HapMap populations. 15 Each of the 1000 regions contains 81 SNPs spanning 18 Kb on average (40 SNPs at each side of the causal SNP), as opposed to 41 SNPs that were used in the previous experiment. We used a wider window because the SNPs in the ENCODE region are more densely genotyped. For each of these regions, we computed the LSR at a relative risk of 1.4. Figure 6 shows the results for the ENCODE regions and for random HapMap regions for the same study designs. Although the ENCODE regions have lower LSRs than do random regions, the same trends in terms of study design are still observed. That is, the use of multiple populations improves the LSR of identification of the causal variant regardless of the SNP density in the regions targeted for fine mapping.
Causal Variants with Heterogeneous Effects
Although the majority of causal variants have a fixed effect size across all populations, 3 a significant percentage will show a heterogeneous effect across different populations.
In this case, a naive implementation of our proposed approach will incorrectly use an estimated relative risk from only a single population; namely, the population in which the initial GWAS was performed. In order to address this situation, we propose a multistage design in which an initial sample is taken from each of the available populations and used for estimating the relative risks for each population and these estimates are then plugged into our proposed framework in the design of the next stage.
To explore the effectiveness of such an approach, we simulated 3000 case and 3000 control data sets with rela- 
The designs include 1000 cases and 1000 controls from the CEU data set combined with x cases and controls taken from CEU, YRI, ASN, and ASN þ YRI, where x ranges from 0 to 10,000 in steps of 500. For the studies involving YRIþASN designs, the same number of samples is taken from both YRI and ASN. The hypothetical optimal method is choosing the optimal design in each of the 10,000 designs, and MULTIPOP uses the populations predicted by our algorithm (see Material and Methods) as having the maximal LSR.
tive risks 1.1, 1.3, and 1.6 for the ASN, YRI, and CEU data, respectively. We assessed the LSR when each population was used independently in a multistage design in which 1500 cases and 1500 controls (500 cases and 500 controls from each population) were genotyped in the first stage. The accuracy of the estimate of the relative risk from the first stage is function of the MAF, the true relative risk, and the sample size. Choosing the optimal number of individuals for each stage is an interesting problem beyond the scope of this work. We then plugged the results for the first stage into the MULTIPOP framework to determine a powerful design for the remaining 1500 cases and 1500 controls by searching over all balanced combinations of samples from the three populations. The results are presented in Figure 7 . The ASN sample performed poorly because it was underpowered for a relative risk of only 1.1. The multistage MULTIPOP method outperformed the single populations even in the presence of heterogeneous effect sizes. Despite its low relative risk, the ASN population is still beneficial in many loci. The CEU, YRI, CEUþYRI, and ASNþCEUþYRI data were optimal in 34%, 36%, 25%, and 5% of the 10,000 loci, respectively, demonstrating that in 5% of the loci, the addition of ASN individuals increased the LSR.
Sample Designs for Breast Cancer
To provide a concrete example of the applicability of our approach, we used MULTIPOP to design a follow-up study based on published results from breast cancer GWAS. 2, [16] [17] [18] [19] We assumed a total budget of 6000 individuals and access to case-control groups in all of the three HapMap populations: CEU, YRI, and ASN. For each of the published SNPs (rs11249433, rs1219648, rs13387042, rs2046210, rs2107425, rs2180341, rs2981582, rs3803662, rs3817198, rs4415084, rs8051542, and rs999737), we took a window of 81 SNPs and extracted the corresponding haplotypes for the unrelated HapMap individuals in all three populations. We used the expected Z scores given the published odds ratios and the pairwise LD estimated from the CEU HapMap populations. Unfortunately, only the most significant odds ratios and Z scores are publicly available. In 
The designs include 1000 cases and 1000 controls from the YRI data set combined with x cases and controls taken from CEU, YRI, ASN, and ASN þ CEU, where x ranges from 0 to 10,000 in steps of 500. For the studies involving CEUþASN designs, the same number of samples is taken from CEU and ASN. The hypothetical optimal method is choosing the optimal design in each of the 10,000 regions, and MULTIPOP uses the populations predicted by our algorithm (see Material and Methods) as having the maximal LSR. practice, we recommend using the Z scores for all of the SNPs as priors, imputing those that are missing from the study. For this reason, it is possible that the following designs could be further improved with the use of additional data from the original studies.
MULTIPOP explored all designs over subsets of the three populations, with a total size of 3000 cases and 3000 controls and a grid interval of 200 individuals. For each of the designs, we computed the expected average rank of the causal variants by integrating over each SNP in the considered windows, using the expected Z scores to compute priors (as described in detail above). As in the simulation studies, the optimal design varied widely from region to region, one population generally outperforming the others in terms of estimated LSR. However, as in our previous simulations, the overall most successful estimated design is a mixture of 600 CEU, 2800 YRI, and 2600 ASN individuals. Many other similar designs were close in expected LSR, so we believe that the grid interval was sufficiently granular. The most successful designs for the different loci as found by MULTIPOP are displayed in Table S1 .
Discussion
Discovering causal variants through fine-mapping followup studies is one of the fundamental challenges facing the genetics community today. Although the list of novel loci associated with complex phenotypes is growing quickly, the precise variants altering function are not as forthcoming. As discussed in Lawrence et al., 7 the problem of genetically indistinguishable SNPs, in which two associated SNPs are in perfect LD, makes the problem of causal detection particularly challenging.
In this work, we challenge the intuitive assumption by which a study consisting of a single homogeneous population with a maximum genetic diversity is always the optimal strategy, particularly in the context of the finemapping stage. As opposed to this intuition, we show that the LSR of a causal variant increases consistently when multiple distant populations are genotyped in the follow-up study. One possible explanation for this phenomenon is that a combination of differences in LD structures among the populations results in a more robust strategy for fine mapping; indeed, we show that for every specific locus, the strategy involving multiple populations is rarely optimal but that when averaging across multiple loci, the strategy consistently provides improved LSR.
For the above reason, we do not advocate a general strategy of choosing many diverse populations when conducting fine mapping. Each study is different, and for some studies the optimal strategy will indeed consist of genotyping just a single population. As we show here, the optimal strategy depends on the specific loci, the relative risks, and the number of individuals to be genotyped. To this end, we have created a software package called MULTIPOP to aid researchers in choosing a successful design.
It is important to realize that the results demonstrated here by no means cover all possible scenarios of followup studies. Particularly, our analysis corresponds to an additive disease model with one causal SNP, and we treat one specific meta-analysis statistic. Any deviation from this scenario requires another similar analysis. Thus, researchers who are interested in using a different statistic, testing a different hypothesis (e.g., that the disease follows a dominance model and not an additive one), or optimizing a different metric for power are recommended to perform a set of simulations based on the framework suggested here. Furthermore, error in the variance-covariance matrix as a result of a finite reference sample size, used and accepted method of simulating case-control panels. We randomly selected 1000 SNPs from chromosome 1 to serve as causal variants and took a window of 40 SNPs (20 downstream and 20 upstream of the causal SNP) to simulate 1000 loci for fine mapping. For each locus and each population, we used HapGen to generate 1000 case-control panels of 1000 cases and 1000 controls, each with a relative risk of 1.4. We compared the mean c 2 , the average rank of the causal variant, and the fraction of noncausal SNPs with p values below 0.05 in this simulated data to results drawn from the MVN distribution for each locus by using MULTIPOP. For designs with multiple populations, we used the weighted sum of the Z score meta-analysis statistic to combine the data from each population. In addition, we compared the measures of effectiveness described above over the simulated and MVNdistribution-generated data. As shown in Table 1 , the statistics estimated from the simulated data are very similar to those from the MVN distribution. There is a slight increase in the measures of LSR from the empirically generated data from HapGen. We believe that this is due to weaker correlation in the HapGen-generated data. Each recombination event in the Li-Stephens model will reduce the correlation and thereby improve the LSR of fine mapping.
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